Abstract: In this research we study the specification and the power of classic test statistics used in long-term event studies analysis. Using simulations in random samples, we show that test statistics based on an arbitrary benchmark are well specified and as powerful as the ones based on the size and book-to-market benchmark. However, when conditioning the samples on past stock returns performance, we show that a good matching procedure is required in order to obtain well specified and powerful tests.
underlined by Fama (1998, p. 290 , Table 1 ) most of the events seem selective so that the experimental design suggested by LBT is misleading.
In this research, we use a benchmark randomly selected because Ferson, Sarkissian and Simin (1999) show that a portfolio constructed with stocks sorted alphabetically helps explain the cross-sectional dispersion of stock returns even if this method lack of any financial content. In fact, when applied to the measurement of the long-run performance of stock returns, the same test statistics calculated from a "non-financial" benchmark provide identical or superior results in terms of specification and power compared to the size and book-to-market benchmarking.
Unfortunately from a statistical perspective, financial events are rarely random.
When examining stock returns before the event, previous studies have found that abnormal performance is likely to occur for a wide variety of events. LBT (p. 185) suggest that matching firms to firms with similar pre-event returns performance would also control well for the misspecification of the size and book-to-market matching-firm method. For that purpose, we split NYSE and AMEX stocks in quintiles according to their stock returns performance over the past twelve months.
Then, we determine two samples by randomly selecting firms within each quintile.
For each firm in both samples, we select randomly a matching-firm in three different ways. The matching firm is drawn among a) all NYSE-AMEX stocks, b) the first quintile (highest past twelve-months returns) and c) the fifth quintile (lowest past twelve-months returns). The simulations show that a good matching procedure (a firm with prior abnormal returns is matched with a firm with similar returns) leads to well-specified tests.
In addition, "real event studies" frequently exhibit strong clustering during specific periods of time. For example, several empirical studies document that SEOs are by far more frequent when markets are bullish. Under these conditions, crosssectional dependence of stock returns makes the grouping of event-firms into portfolios preferable. Therefore, we examine the specification and the power of calendar-time portfolios with two benchmarks, namely the Fama and French (1993) and Carhart (1997) models. Abnormal returns are estimated as "in-sample error" and as "forecasted errors"; see Mitchell and Stafford (2000) and Kothari and Warner (1997) respectively. We use a variety of test statistics (standard t-stat, cross-sectional t-stat, standardized t-stat and cross-sectional and standardized t-stat) inspired from the short-term event study setting. For randomly selected event-samples, our main results can be summarized as follows: a) the standardized t-stat has the best specification and is the most powerful, b) the period of estimation is not of major concern and, c) tests constructed with the Carharts' model (1997) are more conservative and less powerful than those based the Fama and French (1993) model.
When the frequency of events conditioned on past market returns performance is high, the standardized t-statistics is still well specified. However, the test statistics are misspecified whenever the frequency of events conditioned on past stock returns performance is high.
The remainder of the paper is organized as follows. We present the methods used to calculate abnormal returns and the test statistics in Section I. In Section II, we examine the specification and the power of various test statistics based on a "nonfinancial" matching procedure. In Section III, we study the specification and the power of these test statistics when the matching is based on past returns. Additional results using calendar-time portfolios and test statistics adjusted for cross-sectional heteroscedasticity are provided in Section IV. Section V concludes.
I. Abnormal Returns and Statistical Tests
In this section we briefly summarize the various calculations of abnormal returns and of the statistical tests used in the literature.
A. Cumulated Abnormal Returns over a long-horizon
The model for measuring the normal returns is the following:
where ( it t E R I ) is the monthly expected return for security i during month t, given the set of information t I , ct R is the monthly return of the matching-firm or the control portfolio over the same period. The abnormal return over the month t is calculated as:
σ is an error term independent of i and t, with zero-mean and constant variance.
As in others studies, the temporal aggregation of the abnormal returns is done via a rebalancing strategy (CARs hereafter) and a buy and hold strategy (BHAR hereafter).
A.1. Cumulated Abnormal Returns 2 1 , ,
where is an estimate of the cumulated abnormal returns for stock i, over the period
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The null hypothesis of no average cumulated abnormal returns is stated as follows:
As it is well known, the average cumulated abnormal returns can be obtained by rebalancing the portfolio (1 USD long in stock i, 1 USD short in the control c) at the end of each period (month). Because of transaction costs, average cumulated abnormal returns are no longer attainable. However, Fama (1998) recommends using this method because the bad-model problem is less acute.
A.2. Buy and Hold Abnormal Returns
Instead of rebalancing the portfolio at the end of each period, a more realistic strategy consists in buying a portfolio, which is 1 USD long in stock i and 1 USD short in the control c. This portfolio is hold until the end of the period . The abnormal performance of stock i is computed as:
BHAR is the buy and hold abnormal return and h is the holding period.
The null hypothesis of no average buy and hold abnormal returns at the horizon h is stated as follows: 
In this analysis we use all the NYSE/AMEX firms with available data on the Daily CRSP files. The period covered goes from July 1962 through December 1996.
In general, the research on long-term stocks' performance focuses mainly on ordinary common shares so that CRSP share codes 10 and 11 are eliminated from our analysis. We use the Daily Files to compute arithmetic monthly returns. This allows us to swap the matching-firms in "real time" whenever they are delisted.
Nasdaq stocks are excluded to mitigate the new listing bias. However, there is no specific reason to eliminate those firms having experienced a specific event like new listing and not those involved in seasoned equity offerings or split which are also known to produce abnormal returns.
II. Does Matching for Book-to-Market and Size Matter?
Barber and Lyon (1997) and Lyon, Barber and Tsai (1999) claim that the matching criterion is crucial. For random samples, they show that size and book-tomarket is required in order to obtain well-specified tests either for matching-firms and control portfolios. However, Fama and French (1993) show that the market itself is an important factor, which cast some doubt on a matching procedure relying on two criteria only. Recently, Ang and Zhang (2001) have examined this issue. They find that a matching procedure based on size, book-to-market and beta 2 does not improve the specification and the power of the test statistics. Before concluding to the superiority of those matching procedures, it must be shown that, under the same sampling design, non-relevant matching criteria lead to badly specified and/or 2 The specification and the power improve slightly when the third criterion (beta) is replaced by most correlated stock returns over the 24 months prior to the event month; see Ang and Zhang (2001, p. 27-28) powerless test statistics. For that purpose, we choose a criterion without any financial content based on the alphabetical ranking of the stock; see Ferson, Sarkissian and Simin (1999) . In order to compare our results with Lyon, Barber and Tsai (1999), we use two benchmarks: a matching-firm and a control portfolio.
A. Data and the Sampling Design A.1. Matching-Firm
The firms and the event-dates are drawn randomly from the subset of NYSE/AMEX firms previously defined and from July 1962 trough December 1991.
Whenever the five-years stock returns series is missing or incomplete for a given pair, a new pair is drawn. We generate 1000 samples of 200 firms each.
The selection of the matching-firm is based on two criteria. First, the matchingfirm is drawn randomly from the initial population of firms available at the event date. Second, we select the firm at the event date whose CRSP share code is the next available in the CRSP File. If the matching-firm disappears during the five-years period, it is replaced by another firm selected randomly in case 1 and by the next firm in case 2. The rebalancing is made at the delisting time. Obviously, both criteria lack of any financial content. The question we address is whether this matching procedure produces well-specified and powerful test statistics too.
A.2. Control Portfolio
During the period covered by our analysis, 2000 stocks are available on the CRSP Files so that 50 equally-weighted reference portfolios consisting of 40 securities each are constructed. In each portfolio, stocks are selected randomly with replacement.
When a firm is delisted before the end of the five-years period, it is not replaced.
Brav, Geczy and Gompers (2000) use a similar sampling technique.
B. Results
B.1. Specification of Test Statistics
We study the specification of the four test statistics presented in Section I.B. for the one-year, three years and five years horizons. The results are presented in Table I for a theoretical rejection rate of 5%.
Insert Table I
First, all the test statistics considered here are well specified at the one-year and the three-years horizons. There is no difference between the random matching and the criteria based on the following CRSP code firm. Interestingly, the two "nonfinancial" matching procedures produce well-specified test statistics in random samples. In other words, there is no gain in using matching criteria based on bookto-market and size. From a practical point of view, the matching of the Compustat Files and the CRSP Files is not necessary. This has two advantages: the matching is simpler and no bias due to presence in both databases is introduced.
Second, concerning the five-years horizon, the test statistics based on the control portfolio remain well specified. Conversely, the test statistics based on the matchingfirm are significantly different at the 1% level from the theoretical rejection rate of 5%. Thus, the control portfolio is the best benchmark for short, medium and long horizons up to five years.
Third, the correction introduced in the test statistics to account for skewness and the bootstrapping of the statistics do not out-perform the classic t-stat. In some cases (BHAR and Matching-firm), the classic t-stat is the only one, which is wellspecified at the five-years horizon.
B.2. Power of Test Statistics
We study the power of the test statistics by adding a constant abnormal return to each stock. Four different values are examined depending on the horizon. We consider -20 percent, -10 percent, 10 percent and 20 percent for the one-year horizon and -50 percent, -20 percent, 20 percent and 50 percent for both the three-years and the five-years horizons. The results of the simulations are presented in Table II and summarized in Figure 1 .
Insert Table II As far as the power of the test is concerned, our matching criteria (Random Matching or Next CRSP Code Matching) lead to similar results. In fact, this is not surprising because these criteria are "independent" from any financial theory. The
Control Portfolio is a better benchmark than the matching-firm. The power of the test statistics based on the CARs and a control portfolio is always higher than 90% even with a small additional increment (10 percent for a one year-horizon and 20 percent for three to five years horizons).
Strikingly, our method produces more powerful tests than a size and book-tomarket based matching. Let us consider two examples. When 10 percent (-10 percent) abnormal return is added over a one-year period, the standard Student-t applied to the BHARs has a power of 43 percent (39%) in LBT compared to 63.4 percent (58.6%); see Table II -A. The difference is even more important with the bootstrapped t-test corrected for the skewness: we find 95.4 percent (63.3%) against 70 percent (55%) in LBT.
In general, bootstrapping the statistics increases the specification of the tests statistics, which is even better after correcting for skewness. However, this result does not hold any longer for the power of the tests. Contrarily to LBT, the bootstrapped statistics are less powerful than their standard counterparts and, sometimes there is a huge difference. In particular, the power of the bootstrapped tstat adjusted for skewness (calculated with the BHAR and the control portfolio) is 63.3 percent as opposed to 82.5 percent with the standard t-stat. This is really embarrassing because this technique was supposed to perform well in that setting.
In Figure 1 , we summarize our findings concerning the power of the bootstrapped t-statistics adjusted for skewness.
Insert Figure 1
We see that the test statistics constructed from a benchmark based on size and book-to-market are less powerful than the ones constructed from an arbitrary benchmark. However, these discrepancies may be explained by the sampling designs of both studies. Nevertheless, these results are consistent with Ang and Zhang (2001) who find little gain for bootstrap techniques. Our main conclusion remains:
simulations based on event-firms selected randomly do not help validate criteria in forming matching-firm or control portfolio benchmarks.
II. Matching and Past Performance

A. Conditional Samples Based on Past Returns
The characteristics of our sample remain unchanged. Our analysis is based on NYSE/AMEX firms from July 1962 through December 1996 (CRSP share codes 10 and 11 excluded). Each month, the securities are sorted according to their twelvemonths prior returns and affected to the corresponding quintile. The quintile Q1 (Q5)
contains the stocks with previous high (low) returns. Two types of event-firm samples are determined depending on the previous performance. We construct these samples by randomly drawing 1000 samples of 200 firms from Q1 and Q5
separately.
In order to measure the abnormal returns, a matching-firm is chosen in three different ways: a) a random selection over the whole population, b) a random selection among Q1 firms, and c) a random selection among Q5 firms.
For each event-firm, we draw randomly 40 stocks from Q1 (Q5) and calculate the buy and hold abnormal returns for the corresponding equally weighted portfolio at the one-year, three-years and five-years horizons. When a firm is delisted during the performance measurement period, it is not replaced beyond that date.
B. Results
To assess the specification of the test conditioned on past returns, we use the bootstrapped t-stat adjusted for skewness. In Table III , we report the critical values at 2.5% and 97.5% in order to highlight the asymmetry of the biases depending on a) the benchmark (matching-firm or control portfolio), and b) the adequacy of the matching procedure based on past returns.
Insert Table III
First, the bootstrapped t-stat adjusted for skewness is ill-specified when the matching-firm or the control portfolio is selected randomly. Not surprisingly, the results are even worse when firms with high (low) past performance are matched against a control with low (high) past performance. In fact, we reproduce a specific momentum-type strategy, which yields a positive performance 3 . Second, the test statistics is well specified and nearly symmetric for matching-firms and control portfolios selected to match past stock returns of event-firms.
The characteristics of the event-firms are generally ignored in empirical studies.
Despite the fact that events are rarely random, the matching-firm or the control portfolio procedure based on size and book-to-market is chosen routinely. However, this is not the best procedure whenever the event-sample exhibit previous specific patterns in stock returns.
III. Abnormal Returns in Calendar Time
A. Data and the Sampling Design First, the firms (CRSP share codes 10 and 11 excluded) and the event-dates are drawn randomly from the subset of NYSE/AMEX firms previously defined and from
July 1968 through December 1991. Whenever the three-years stock returns series is missing or incomplete for a given pair, a new pair is drawn. We construct 1000 samples of 200 firms each, whose returns are aggregated in order to form 1000 equally weighted portfolios. The number of firms may not be constant up to five years within each portfolio because of delisting. Nevertheless, there is no general agreement on how to circumvent this problem.
Second, we assume that events are no longer uniformly distributed over time.
Depending on the previous twelve-months market returns ( ), the number of events within that month is defined as follows:
six events (high frequency). 30% 12 mt R ≤ Firms are drawn randomly from the population in both normal and high frequency event-periods. This sampling allows us to examine the case of events occurring mostly during bullish market periods.
Third, during high-frequency periods, firms are drawn randomly from the subsample of stocks having experienced high twelve-months returns (above 20%), which corresponds to firms engaged in the event because they have high past returns.
Fourth, we examine the converse setting in which the frequency of events is increased when the market was bearish ( 12 30% mt R ≤ − ). In that case, stocks are drawn randomly from the population (bearish random) and from the previous lowest twelve-months returns (bearish, looser).
To study the power of the tests, each month we add a specific increment to the monthly stock returns such that the abnormal return is equal to a given increment at the end of the five-years holding period 4 . The incremental abnormal returns take the following value: -20 percent, -10 percent, 10 percent and 20 percent.
B. Abnormal Returns and Statistical Tests
The general model used to calculate abnormal returns is the following: T is the end of the window for the stock , i
First, the Fama and French (1993) and the one-period ahead forecast estimates the abnormal return. Fourth, the window used for parameter estimation expends until t 1 − , and the abnormal return is calculated as before.
0
The null hypothesis of no abnormal returns can be written as follows:
where is the number stocks in month t within the event-portfolio, T is the total number of periods for which the portfolio is defined. We omit the months for which the portfolio contains no stocks t n 7 .
For a series of independent terms and constant variance, the hypothesis can be tested with a standard t-test. However, the portfolios' weights are time varying, which is a potential source of heteroscedasticity because the variance is a decreasing function of the number of stocks within the portfolio. Therefore, the t-stat is Another potential source of heteroscedasticity comes from both the variances of the stocks, which is specific and the forecasting horizon, which depends on the forecasting model 8 . First, the series of abnormal returns is standardized by the forecasted variance and aggregated at each time t given portfolios' weights 6 See Tashman (2000) concerning the forecasting with linear regression models.
7 This feature occurs very seldom. In fact, the probability of having no stock is neglectable. 8 The calculation of these test statistics follows Patell (1976) and Boehmer, Poulsen and Musumeci (1991) . producing a new series on which the standard t-test and the cross-sectional t-test are calculated.
C. Results
C.1. Alternative Test Statistics in Random Samples
The analysis of the empirical specification in random samples is presented in Table IV . The results concerning the specification correspond to no abnormal returns (0 percent increment). Anything else being equal, the choice of the benchmark is not of major concern as the test statistics are very similar. The rejection rate of the null (no abnormal return) tends to be slightly higher than the theoretical rate of 5 percent with Carharts' (1997) model, while the converse is true with Fama and French (1993) model. Thus, the former is slightly more conservative.
Insert Table IV
The estimation period is not very important either. Nevertheless, the estimation over the sample-period provides well-specified test statistics (with the exception of the standardized t-test and the Carhart model) at the 1 percent level. This is interesting from a practical perspective because no returns are required prior to the event. Our results apparently contradict Kothari and Warner (1997) . However, sampling methods (grouping in portfolio instead of single stocks) and standardization do not allowed a direct comparison.
As far as the specification is concerned, and independently of both the model and the estimation period, the cross-sectional variance adjustment, which accounts for the time-varying variance of the portfolio (t-cross and t-standard cross) matters. The standardization of abnormal returns by the specific residual variance of stock returns has a minor impact. Even more, as in the case of the short-term analysis, standardization of the abnormal returns alone deteriorates the specification of the test; see Boehmer, Poulsen and Musumeci (1991). When both corrections are applied (standardization and cross-sectional adjustment), the empirical specification is close to its theoretical counterpart whatever the model and the estimation period.
The results presented above concerning the benchmark and the estimation period extend to the power of the tests. However, test statistics adjusted for the crosssectional variance are less powerful than the classic t-stat and the standardized t-stat.
To conclude, when the abnormal performance is of an unknown form, the t-statistics based on the standardized abnormal returns calculated with the Fama and French (1993) model offers a reasonable solution.
C.2. Alternative Test Statistics in Non Random Samples
Following Loughran and Ritter (2000), we allow the frequency of events to depend strongly on the market past performance. The purpose is to construct a more realistic sampling design, as many events are driven by past performance. The results concerning the specification of the test statistics are presented in Table V .
Insert Table V
Strikingly, whenever the event is the consequence of the extreme stock past returns performance, the results concerning the specification are disastrous. We find almost surely an abnormal performance. In fact, the simulation portfolios are momentum type portfolios long (short) in past winners (losers) and short (long) in the market for the Bullish-Winner (Bearish-Loser) sampling, which are known to produce abnormal performance. In this setting, the matching-firm procedure is by far the best solution in order to obtain well-specified test statistics.
When the event-frequency is random, the results (see Table VI ) are similar to what was found in random samples (see Section III C.1.). Once again, the t-test based on the cross-sectional standardized abnormal returns is well specified. The power of the test statistics presents also similar patterns.
Insert Table VI
In general, previous findings are confirmed. 
IV. Conclusion
The intent of this research was to study the specification and the power of classic test statistics used in long-term event study analysis. Using random samples, we
showed that an arbitrary benchmark without any financial content leads to test statistics that are as well specified as the ones based on the size and book-to-market benchmark.
However, pre-event abnormal performance has been found which cast some doubt on the reliability of simulations based on pure random samples. When conditioning the samples on the past stock returns performance, our simulations showed that a good matching procedure (a firm with similar returns) leads to well specified tests.
Finally, we examined the specification and the power of calendar-time portfolios.
When the event-sample is selected randomly, our main results can be summarized as follows. The cross-sectional standardized t-stat has the best specification among the four tests statistics we examined. The period of estimation is not of a major concern.
As far as the benchmark is concerned, Carhart model (1997) is slightly more conservative than Fama and French (1993) model. When the frequency of events is conditioned on past market returns performance, the cross-sectional standardized tstatistics remains well specified whenever the stocks are selected randomly.
However, when the frequency of events is conditioned on past market returns performance and stocks are selected among the most extreme performers, all the test statistics examined are misspecified and powerless.
As underlined by LBT, the analysis of long-run abnormal returns is treacherous as there is no general method, which performs well in the situations frequently encountered in empirical studies. The pattern of abnormal returns during the oneyear period preceding the event has a strong impact on both the specification and the power of test statistics. Thus, it is worth paying attention to the specificity of the sample. In this table, we present the empirical rejection rate of the null hypothesis (no abnormal returns) when an artificial increment is added to the returns. It is calculated over 1000 samples of firms which number is determined according to the twelve-months past market returns. The frequency is high when market returns are extreme. The firms are drawn randomly over the initial population (random Bearish and Random Bullish) and over the stocks which experienced an extreme past performance (Bullish Winner and Bearish Loser). The firms are hold a five-years period and aggregate into 1000 equally-weighted portfolios. 
